Recent research has confirmed both the importance of teachers in producing student achievement growth and in the variability across teachers in the ability to do that. These findings raise the stakes on our ability to identify effective teachers and identify effective teaching practices. This paper combines information from classroom-based observations and measures of teachers' ability to improve student achievement as a step toward addressing these challenges. We show that classroom based measures of teaching effectiveness are related in substantial ways to student achievement. Our results also offer support for a "hybrid" teacher evaluation system that would use information from both classroom observations and student test scores to identify effective teachers. Our results also offer information on which types of classroom practice are most effective at raising achievement.
Introduction
Research over the past decade has confirmed and quantified what most parents seem to know intuitively: teachers are perhaps the most important school-based input into the academic achievement of K-12 students (Rockoff (2004) , Rivkin et al. (2005) , Aaronson et al. (2007) ).
Given this, our ability to identify which teachers are effective and which are not is important to efforts aimed at improving the nation's schools. Research also shows, however, that there is little in a teacher's personnel file that would help administrators identify who are the best and worst teachers in any given school or school district (Rivkin et al. (2005) ). What to do then? There are currently two methods that can be used for evaluating teachers. The most common method by far uses measures based on some combination of classroom observations of teachers, examinations of a teacher's products such as lesson plans, and evidence of a teacher's "professionalism". More recently some school districts have begun to show interest in so called "value-added" measures of teacher effectiveness that are based on gains in student test scores that under certain conditions are attributable to the teacher.
Each of these two methods has its own strengths and weaknesses. The observational measures can theoretically be used to evaluate teachers at any grade level and subject and can provide valuable information on areas where a teacher needs improvement. At this point, however, we lack a strong body of evidence linking these measures to actual student achievement. On the other hand, value-added measures of teacher effectiveness are, by their very construction, directly linked to student achievement, but they have their own problems. First, since these measures rely on annual tests that are comparable across years, only one-half to twothirds of the nation's teachers teach grades and subjects that allow for the construction of valueadded scores. Second, value-added scores can only rank teachers in a school or school district, they provide no information regarding what low scoring teachers should do to become "high value-added" teachers.
Given the importance of identifying effective teachers and the shortcomings of the two current teacher evaluation methods, some observers have called for a "hybrid" teacher evaluation model that would utilize information from both the current methods (see for example Gordon, Kane, and Staiger (2006) and Toch and Rothman (2008) ). We address that challenge in this paper using unique data from the Cincinnati Public School (CPS) system to answer the following questions: what classroom practices are most important in promoting student achievement as measured by growth in student achievement, and how do you best use this information to develop a hybrid teacher evaluation model? 2. Literature Review
Practice-Based Measures of Teacher Effectiveness
Practice-based measures of teacher effectiveness, evaluating a teacher by observing their work and their products of work, have a long history in the U.S. Prior to the early 1980s teacher evaluation was largely the responsibility of district and school administrators. Teacher evaluations in this era were primarily used for retaining or dismissing teachers rather than to provide information that teachers could use to improve their practice, and the criteria that administrators used for evaluation often lacked a solid research basis (Stronge and Tucker (2003) , Medley, Coker and Soar (1984) ). The beginning of current models of teacher evaluation can be traced to the early 1980s when "peer review" evaluation systems were launched in Toledo, Ohio and Rochester, New York (Kahlenberg (2007) ). The introduction of peer review systems where teachers are evaluated by fellow teachers led to at least three important innovations in teacher evaluation: expansion of who conducts evaluations to include a teacher's peers, the provision of feedback to teachers for the purpose of improving instruction, and a move toward evaluation criteria more tightly linked to research on what is believed to constitute good teaching practice. These advances were slow to spread, however, in part because of the resistance of the nation's largest teachers' union, the National Education Association (NEA) (Kahlenberg (2007) ). Thus, it was only in 1997 that NEA delegates voted to drop their longstanding opposition to peer-review evaluation (Escamilla, Clarke, and Linn (2000) ).
In recent years the standards-based accountability movement and a desire for increased professionalism by teacher organizations have both resulted in pressures to identify and implement high quality evaluation models. Nevertheless, Toch and Rothman (2008) point out that while our knowledge of how to effectively and fairly evaluate teachers has grown substantially in the past decades, the "vast majority of districts" still do not employ a credible system of measuring the quality of teachers' work.
The literature suggests that such credible systems should be based on clear, objective standards of practice; be conducted by multiple, trained evaluators; and consider multiple sources of data that is collected over time (Donaldson (2009) , Goe and Croft (2009) , Toch and Rothman (2008) , Danielson and McGreal (2000) ). Supporting the view of Toch and Rothman that most current evaluation systems fail to employ these best practices, an examination of evaluation practices in twelve districts in four states by the New Teacher Project found that evaluations of teachers "are short and infrequent-most are based on two or fewer classroom observations totaling 60 minutes or less- [and] conducted by untrained administrators" (Weisberg et al. (2009 (Weisberg et al. ( ), p. 2006 . This last point highlights concerns with the evaluators themselves in many of today's systems. They often lack training and administrators who conduct evaluations are often required to evaluate teachers who work in a subject area that is beyond their own expertise.
In spite of the potential shortcomings in practice, there are well developed models that districts can implement including standards-based evaluation. Standards-based evaluation of teaching attempts to assess teacher effectiveness based on agreed upon standards of what teachers should know and be able to do. Further, standards-based evaluation systems often are designed to provide teachers with useful feedback in order to support development of teacher practice (Heneman et al. (2006) ). Used as a method of formative evaluation, observation enables evaluators to provide teachers with immediate and specific feedback about the quality of instruction in their classroom, which may be particularly useful for novice teachers (Goe and Croft (2009) ).
On the other hand, standards-based performance assessments that rely on evaluator observations also have important limitations. Kimball and Milanowski (2009) suggest that evaluators play a significant role in the implementation of performance assessments and note that three characteristics of evaluators may influence the outcomes of evaluation: motivation, attitude and skill. Clearly, the purpose of evaluation is to assess teacher performance, not to reflect evaluator characteristics. Another concern related to the use of observational evaluations is the cost. Conducting observations of appropriate frequency and duration requires significant human and financial capital (Goe and Croft (2009 ), Papay et al., (2009 ), Toch and Rothman, (2008 ).
The challenge then for districts like Cincinnati is to choose a well developed evaluation system that fits the goals and challenges of the district, and then devote the necessary time and resources to successfully implement and support the system. Successful and meaningful teacher evaluation then requires the support of teachers, the teachers' union, the school administration, and the community.
Student Test Score Measures of Teacher Effectiveness
Education researchers have long been interested in measuring a teacher's contribution to student achievement (for example Armour (1971) , Hanushek (1976) , Murnane and Phillips (1981) , Sanders and Rivers (1996) , Rockoff (2004) , Rivkin, Hanushek and Kain (2005) , Gordon, Kane and Staiger (2006) ). While empirical strategies differ somewhat, a common objective is to isolate an estimate of a teacher's contribution to student achievement separate from the student, class, school, and other contributors.
Researchers have made considerable progress in the empirical methods of estimating a teacher's contribution to student achievement. Several strategies are now widely practiced; for example, modeling growth in achievement as opposed to achievement levels, and taking into account the hierarchical structure of school systems (McCaffrey, Lockwood, Koretz and Hamilton (2003) ). This progress owes much to the proliferation of student achievement data (particularly under No Child Left Behind regulations) , and advances in the software used to estimate models (e.g., hierarchical and Bayesian approaches). Nevertheless, a number of important statistical and interpretive questions remain (Todd and Wolpin (2003) , McCaffrey, Lockwood, Koretz, Louis and Hamilton (2004) , Raudenbush (2004) ).
Researchers have long recognized the possibility that non-random assignment of students to teachers could distort measures of teacher effectiveness. Some teachers, the ubiquitous example states, are assigned better students who would have achieved highly in many different classrooms. Some researchers have questioned whether a teacher's specific contribution can be accurately estimated under such non-random assignment (Rothstein (2009) ). Other researchers, recognizing the potential for bias, are more optimistic (Koedel and Betts (2009) ). One recent study compared, for a small sample of teachers in Los Angeles, each teacher's (i) value added estimate using observational methods to (ii) the achievement growth of a class randomly assigned to the teacher in an experiment. While only one case, that study found that the observational measures predicted random assignment measures with little bias-as long as the observational models controlled for each student's prior achievement ).
In a number of studies the teacher effects seem to fade out over time (McCaffrey, Lockwood, Koretz, Louis and Hamilton (2004) , Kane and Staiger (2008) , Jacob, Lefgren and Sims (2008) , Rothstein (2009)) . That is, achievement growth this year does not appear to carry over 100 percent to next year. Hypotheses for fade out range from artifacts of empirical strategy to the heterogeneity of teacher quality within schools to the relevance of skills gained this year for skills tested next year ). Understanding the causes and structure of fade out is an emerging area of inquiry.
Additional issues and areas of innovation include the relevance of psychometric choices in the underlying standardized tests (Doran, Bates and Phillips (2009) ), the quality of administrative data used to identify the student-class-teacher-school hierarchy, and alternatives to standard ordinary least squares (OLS) and hierarchical linear modeling (HLM) approaches for modeling achievement growth (Betebenner (2007) ).
Except for rare opportunities (like the Los Angeles experiment mentioned above) researchers have few external criteria with which to compare these test score based measures. A few recent studies have found a relationship between teacher value added and more traditional classroom observation scores and administrator ratings ( , Rockoff, Staiger, Kane and Taylor (2009) ); suggestive evidence even if the traditional measures have their own shortcomings. And while the methodological development of teacher value added measures continues, these measures are now commonly used in a wide variety of settings from program and policy research (Gordon, Kane and Staiger (2006) , Wyckoff (2008a) and (2008b) , Rockoff, Jacob, Kane, Staiger (2008) • Teacher conveys accurate content knowledge, including standards-based content knowledge.
• Teacher uses instructional strategies that are effective and appropriate to the content.
• Teacher conveys accurate content knowledge, including standards-based content knowledge.
• Teacher uses a limited range of instructional strategies that are effective and appropriate to the content.
• Teacher conveys some minor content inaccuracies that do not contribute to making the content incomprehensi ble to the students.
• Teacher uses instructional strategies that are ineffective and/or inappropriate to the content.
• Teacher conveys content inaccuracies that contributes to making the content incomprehensibl e to the students.
Standard 3.2 has only one element "Instructional Strategies & Content Knowledge," which, in turn, has two components (the bullet-level items). A teacher will be evaluated on both components within the element and the result will be a standard-level score for that observation.
For example, if an evaluator records that a teacher provides accurate information to students in a way that supports learning then that teacher would receive a score of 3 from the evaluator for that observation. Data from classroom observations are used in evaluating a teacher on domains 2 and 3, while evidence for domains 1 and 4 comes from the collection of documents such as lesson plans and goes into a portfolio that is reviewed by the evaluators. Only the first observation in an evaluation cycle is announced, the remaining observations may be unannounced, and evaluators are required to submit the evaluation report to the teacher being evaluated within ten working days of the observation.
At the end of the year evaluators consider evidence from all observations and submitted evidence for a given teacher in arriving at a final formal standard score for each of the fifteen standards within domains 1-4. These end-of-year scores are based on a "preponderance of the evidence" and can take into account improvement in observed practice over the year and thus are not necessarily simple averages of the scores that a teacher received across all observations for the year. Once final standard scores are determined, evaluators use those scores to determine final Domain level scores, which are very close to, but not exactly, the simple average of the standard scores within each domain. 4 In their final end-of-year report teachers are provided with the final domain-level scores.
Data from the TES System
Cincinnati Public Schools maintains detailed records for each TES evaluation, including scores Based on this file our present analysis employs two constructions of TES scores. The first is simply the final standard and domain level scores recorded in Cincinnati's records. These are the formal scores reported to the teacher and used, where applicable, for consequential decisions.
As described earlier, the standard scores are not a fixed mathematical function (e.g., mean) of the individual observation scores and each final domain score is close to, but not exactly the mean of the standard scores.
The second construction, and the primary focus of our analysis, uses the average of the individual classroom observation scores. This second construction will differ from the first to the extent that lead teachers apply (implicitly or explicitly) differential weights to some behaviors or observations when selecting a final standard score. In this second construction, we first calculated standard level scores for each observation by averaging all the individual behavior and practice scores within an element and then averaging the elements of each standard.
Mathematically, which is a component of element, e, and standard, s. We then averaged these observationspecific standard scores, so y , across all observations to obtain a single score for each standard summarizing the entire TES evaluation for a given teacher. Again mathematically, These grand average scores, s y , are the focus of our analysis. We do, however, explore how our main results differ when only selected observations are included, i.e., the average of just the lead teacher's observations, the administrator's observation 5 , the lead teacher's first observation, and the lead teacher's final observation. Since the classroom observation component of TES is only relevant in domains 2 and 3, our analysis will focus primarily on these domains. in how the behaviors and practices were grouped into elements, standards, and domains. We restructured data from versions one and two to match the grouping structure of the current version (see Appendix A). For example, standard 3.1 in the current rubric is a combination of standards 3.1 and 1.2 in the previous version. Nevertheless, we use year fixed effects in our regressions specifications to help control the residual differences.
Student Test Score Measures of Teacher Effectiveness in Cincinnati

Student and Class Data in Cincinnati
As discussed earlier, there is substantial and growing interest in using student test scores to measure teacher effectiveness. This approach requires the regular testing of students and the ability in administrative data to link students and their test scores to teachers. Data made available to us in Cincinnati satisfy these requirements. In work not included here we show that information from these two domains dominates that from domains 1 and 4 when it comes to predicting teacher effectiveness. Table 1 indicate outcome tests that can be paired with a baseline test.
Cincinnati Public Schools also maintains records of individual students' class schedules that include the teacher, course, and section. 7 Using these data we identified a math (and separately a reading) class and teacher for each student each school year. For the 2003-04 school year and subsequent years we identified a math teacher and class for 97 percent of tested students in grade 3-8, and a reading teacher and class for 96 percent of the same population. 8 For the 7 Cincinnati's historical class schedule data retain each student's last class assignment for each course each year. This structure does not allow us to identify students who had more than one teacher or class during the year (or semester). Thus, for example, if a student originally enrolled in Mr. Smith's Pre-algebra class, but later transferred to Ms. Jones Pre-algebra class the available data record Ms. Jones and the appropriate section number. 8 Infrequently a student's records would indicate one teacher and class for reading, and a different teacher or class for other English language arts subjects (e.g., spelling, writing). In such cases we use the reading teacher given the 2000-01 through 2002-03 school years the available class schedule data are more limited. In these earlier years teacher and section information is mostly absent; indeed it would be entirely absent but for the efforts of prior researchers studying the TES program (Holtzapple (2003) ). To facilitate that prior analysis, a previous research team identified student rosters for a number of teachers evaluated by TES. Thus we can identify a math and reading teacher for selected students in 2000-01 through 2002-03. This partial data is, however, useful for our empirical approach (more in the following section) and so we include the earlier years.
Constructing Test Score-Based Measures of Teacher Effectiveness
To estimate a teacher's effectiveness in raising student achievement we estimate a predicted test score for each student, calculate the difference between each student's predicted score and actual score, and take a weighted average of the differences across all of a given teacher's students.
These teacher averages are commonly known as value-added scores.
In the first step, we estimate the following student-level regression for math achievement (and separately for reading):
A is the end of year math (reading) test score for student, i, taught by teacher, k, in class, j, in year, t; and
A is the student's prior year math (reading) test score. We also include a term for 1 − it A interacted with each grade level. When the baseline score was missing for a student, we
A with the grade-by-year mean, and included an indicator for missing baseline score.
The vector of additional controls, i X , includes separate indicators for student (i) gender and (ii) race or ethnicity; whether, in our observed data, the student was ever (iii) retained in grade or Third, for each teacher we calculated a weighted average of that teacher's various class averages.
Each class was weighted by its precision, jk p ; classes with more students had greater precision (smaller variance) and thus received more weight. However, we excluded classes that were unusually small (less than 5 students) or unusually large (more than 50 students) in this third step.
Our present analysis uses three different value added score constructions. All three follow the process described in the previous paragraph, and differ only in which class averages (from step 2) are included in the teacher's average (in step 3). The teacher's average is our value added score. The first value added score includes only the class or classes taught during the same year in which the teacher had a TES evaluation. We use these single-year same-year value added scores when exploring the relationship between a teacher's TES growth and value added growth over time. To the extent that TES observations measure performance in specific class of students, as opposed to performance of the teacher independent of the class, part of the estimated relationship between TES scores and value added scores will be due to the specific class not the teacher.
The second and third value added score constructions both exclude any class from the year in which the teacher participated in TES. Our second construction, and the primary focus of our analysis, is the weighted average of all classes a teacher taught the school year immediately before the TES year. And the third construction is the weighted average of all classes a teacher taught the school year immediately after the TES year.
Value Added Measures and Classroom Practice
As a first step in exploring the relationship between value-added measures and measured classroom practices we asked a simple question. Without knowing which type of teacher they are evaluating, do TES evaluators record differences in the classroom practices of high and low value-added teachers? 10 Table 2 displays for each TES standard in domains 2 and 3 the results of t-tests of the difference in mean standard scores between (1) teachers in the upper quartile of value added versus those in the lowest value-added quartile and (2) upper quartile teachers versus teachers in the second quartile of value added.
The results in Table 2 are stark. The first row of Panel A in Table 2 shows that based on the formal end-of-year summary scores that were assigned by TES evaluators, upper quartile teachers of math value added had statistically significantly higher mean TES standard scores than lowest quartile math value added teachers in all of the standards in domains 2 and 3 except for 2.1 and 3.1. The second row in Panel A shows that the same comparisons between upper quartile teachers and second quartile math value added teachers were statistically different in all standards except 2.3, and 3.2. The third and fourth rows of the table show results from the same comparisons using the reading value added scores to group teachers into the value added quartiles. The results in Panel B use the TES scores we constructed using the averages of all observations through the year. will address in a larger study based on their pilot, it is this exactly this issue that is the focus of this paper and to which we now turn.
A Model Relating Classroom Practice to Teacher Effectiveness
In our model of teaching effectiveness teachers at time t have an unobserved ability λ to foster learning. While in theory λ could be different for different types of students, to keep the model tractable we prefer to think of λ as a teacher's ability to teach a potentially diverse classroom of students and is thus a measure of the teacher's ability to foster average learning gains across the classroom. In our model λ is a scalar that is a function of potentially many different attributes of teaching.
(6.1) ) ,..., , (
where k indexes teachers and the x's are attributes such as the ability to create an orderly environment for learning, the ability to communicate learning expectations to students, the possession of sufficient content knowledge to teach a subject well, etc. We view our measure of a teacher's ability to raise student achievement at time t as an error prone measure of λ:
In our data the x's are measured by the TES standards in domains 2 and 3, and assuming that they are additive and linearly related to λ, we have and behaviors are more important than others in promoting student learning then equal weighting of the standards is not the optimal design for an evaluation system. Resolving how the different classroom practices in a TES-type system should be optimally "weighted" is a step toward a "hybrid model" of teacher evaluation since in our model, this resolution combines information on "teacher quality" from value added measures with "teacher quality" as captured by classroom observations.
A direct approach to deriving optimal predictive weights for the TES standards in domains 2 and 3 would be to use the estimated coefficients from fitting Equation 6.4 to data. Of course, one problem with this approach is that the standard scores across the eight standards are all relatively highly correlated, ranging between 0.619 and 0.813. These relatively high correlations combined with the relatively small sample sizes make many of the estimates in Table 3 unstable, and ultimately hamper our ability to interpret the estimated coefficients from these regressions as meaningful or "optimal" weights for the standard scores.
In an attempt to simplify and impose some structure on the underlying teaching behaviors and practices that the TES standard scores are attempting to measure, we conducted a principal components analysis of the eight standard scores in domains 2 and 3. The first three principal components resulting from that analysis explain 87 percent of the variance of the eight standard scores, and a scree plot of the eigenvalues of the standard scores correlation matrix suggests retaining at most three components. In this analysis all eight of the standards load about equally on the first principal component. The second principal component is a contrast between the scores in domains 2 and the scores in domain 3. The third principal component is a contrast between the score on standard 3.4 and a combination of the scores in standards 3.1 and 3.2.
Our interpretation is that the first principal component captures the general importance of all eight behaviors and practices; teachers who score high on one of the eight tend to score high on the other seven. A contrast between the scores in domains 2 and 3-the second principal component-is a contrast between the type of classroom environment a teacher has created as recorded by the TES evaluator (domain 2) and the extent to which an evaluator observes a teacher engaging in teaching practices that are believed to be related to student learning (domain 3). Conceptually, the third principal component is a contrast between two types of teaching. The first type of teaching can be described as a pedagogical style that is focused on engaging students in discourse and exploring and extending the students' content knowledge through thoughtprovoking questioning. One might call this inquiry-based teaching. This is contrasted in the third component with teaching that focuses on conveying standards-based instructional objectives to the students and allows the teacher to demonstrate content-specific pedagogical knowledge in teaching these objectives. One might call this standards and content focused teaching. 
7.
Results and Discussion
Relationship Between TES and Student Achievement Growth
We find that a teacher's TES scores contain information valuable for predicting student achievement growth. Table 4 reports the relationship between TES scores and value added.
11
Each column represents a separate OLS regression where a teacher's value added in a given time period relative to the TES year is the dependent variable and the three TES measures, 11 Samples sizes vary somewhat because we cannot estimate value added for all teachers in all years. This limitation is due in part to gaps in the testing program during the study period, and in part because teachers new to the district participate in TES. We find generally similar results when we restrict the sample to teachers for whom we can estimate value added in all three periods, though they are estimated much less precisely. The results are most similar for the first overall TES measure.
constructed to capture the principal components, are the independent variables of interest. We include school year fixed effects in all regressions.
An overall TES score that is one point higher (i.e., an increase in the average score across all eight standards of about two standard deviations) is associated with a value added score measured in the year before TES evaluation that is 0.18 student standard deviations higher in math, and 0.28 in reading. Scoring higher on "classroom environment" (Domain 2) relative to "classroom practices" (Domain 3) is also associated with previous-year student gain coefficients similar in size for math and reading: 0.18 and 0.17 respectively. Last, scoring higher on inquirybased teaching (Standard 3.4) relative to standards and content focused teaching (Standards 3.1 and 3.2) is associated with student gains in reading but not in math. In math the coefficient's sign is opposite that for reading, but not significant.
These results suggest that a student assigned a "Distinguished" teacher would, by the end of the school year, score more than one-quarter of a standard deviation higher in reading than her peer in a class taught by a "Proficient" teacher. If, in particular, that teacher is "Distinguished" in managing classroom environment and inquiry-based teaching, the student would gain up to another one-third of a standard deviation. In math the estimates are smaller, but still impressive.
If fadeout is minimal, a school staffed by "Distinguished" teachers might well close the blackwhite achievement gap-often estimated at one standard deviation-in a matter of years.
Not only do the behaviors and practices measured by TES predict non-trivial gains in student achievement, they also explain a good portion of the variation in achievement growth as measured by value added. The R-squared statistics indicate that the three TES score components explain 0.24 of the variation in math value added and 0.29 in reading.
The results, however, change somewhat when predicting student growth in years other than t-1. For reading, we find the same pattern of results when using value added that was measured in the TES evaluation year and year following TES though the relationships diminish, especially in the year following, and often become insignificant. For math, we find similar, though somewhat smaller, results in the year following TES, but much different results in the TES year. In the TES year the coefficient on a teacher's overall TES score is much larger (0.24 student standard deviations), the coefficient on the second component becomes small and insignificant, and the coefficient on the 3 rd component changes sign but remains insignificant.
These differences need not be unexpected, if both the TES measures and test scores measures capture variation particular to the classroom and not the teacher (e.g., a random assignment of a particularly difficult and disruptive student), we would expect some of the observed association in the TES year to be due the class. In the remainder of this paper we generally focus on student test score growth measured the year prior to the TES year as it is this measure that most closely fits the spirit of our model relating value added scores to TES scores.
The TES measures used in Table 4 are based on an average of all observations made by all evaluators during their TES year. Table 5 explores how the results from Table 4 differ when we use TES measures based on selected observations and evaluators. With a few exceptions, the results are generally robust to alternative combinations of the TES observation scores. The TES scores based on an average of all observations, however, are the most strongly associated with growth in student achievement. 12 Using the formal TES scores assigned by the lead teacher at the conclusion of the year produces results similar to, if slightly weaker than, the simple average of all observations. The dominance of these two scores lends support to the TES system's investment in multiple observations, at least when judged on the criteria of predicting student growth.
The individual observations, it appears, capture some variation in specific practices. For reading, individually the lead teacher's first and last observations are similarly associated with value added except for the TES measure that constrasts "inquiry-based teaching" to "content and standards focused teaching." There is also similarity between the first and last observations in math except, notably, for the TES measure that contrasts measures of "classroom environment"
(Domain 2) and "classroom practices" (Domain 3). Averaging across all of a lead teacher's observations, however, appears to provide slightly more predictive value in the two TES measures which contrast standards rather than simply averaging all the standards.
In many evaluations systems, there is skepticism about what administrator observations add to the effort. The TES scores based just on the administrator's observation(s) have the weakest association when compared to all our other specifications. The administrator single observation may, however, be better compared with the lead teacher's own first observation. In that pair wise comparison results are very similar. 13 Administrators, whom TES invests in through substantial training, may come to conclusions not unlike the lead teachers given additional observations. Unfortunately we lack data to test this hypothesis directly. Additionally, it is notable that the overall average of observations-which includes the administrator's observation-does appear a stronger predictor in some regards than just the average of the lead teacher's observations.
In Table 6 we separate elementary and middle grades (i.e., 3-5 and 6-8 in our sample). In math our three TES measures predict student achievement growth more strongly in elementary grades than in middle grades. In reading the coefficient on our overall TES measure is somewhat larger for middle grades, but the other two TES measures are stronger predictors in elementary grades. For both subjects the difference between elementary and middle grades is relatively large for the TES measure that contrasts measures of "classroom environment" (Domain 2) with measures of "classroom practices" (Domain 3). It is unclear what drives these differences. The teaching practices valuable in elementary grades may not, as some would argue, be equally valuable in middle grades and visa versa. It is possible, however, that elementary and middle teachers in our sample differ on other unmeasured characteristics (e.g., experience if the district's hiring needs varied between grade levels over the study period).
We find these results encouraging first steps for the identification of classroom practices associated with increased growth in student achievement. However, the heterogeneity across subjects and grade levels, suggests caution in extending these relationships to other subjects and to high school settings.
TES Growth
13 Not all teachers were observed and scored by an administrator. When we restrict the sample to just teachers with an administrator's observation the results are similar to those reported, except the coefficient on the overall TES measure for reading. In that instance the coefficient drops by about 20 percent in each case. Thus the magnitude of the difference reported in Table 5 between administrators and other constructions of the overall TES measure should not be over interpreted.
While a teacher's TES scores from a single year contain information valuable for predicting student achievement growth, we now turn to the question of changes over time in a teacher's TES scores. A first order question is whether TES scores change over time. TES scores do, on average, increase over time. In our data, which spans 2000-01 to 2007-08, 354 teachers participated in TES twice. The average change in our overall TES measure was 0.32 points (s.d.=0.45) which is about three quarters of a standard deviation.
14 One potential mechanism for TES growth is that teachers become more skilled with experience on the job and TES is able to measure this growth. A growing literature suggests that a teacher's effectiveness-as measured by growth in student achievement-improves during the first few years in the classroom, but levels off after that (see Kane, Rockoff and Staiger (2006) for a review). We find somewhat of an association between TES and experience. Table 7 reports the mean and standard deviation of our overall TES measure by years of experience. In this pooled cross-sectional sample, the average increases more from zero to three years than after the third year. The difference between 2.86 in year zero and 3.20 in year three is about three-quarters of a standard deviation, or, alternatively stated, one-third of the distance between "Proficient"
and "Distinguished." The correlation between years of experience and TES score is 0.34 in years zero to three and 0.12 in years four plus.
Over time teachers, individually and generally, have presumably become more familiar with the TES rubric and the behaviors and practices it advocates. Increased awareness of those behaviors could lead to growth in TES scores, either because the teachers invest in learning and adopting TES behaviors permanently or because teachers strategically demonstrate TES-like behaviors when under observation. The TES data alone cannot differentiate between these possibilities.
Our measures of teachers' effect on student test scores provide an opportunity to estimate the relationship between changes in value added over time and changes in TES scores over time.
Unfortunately our sample is limited for this purpose. While more than 350 teachers have participated in TES twice, we can only measure value added at both points for 21 reading teachers and just 12 math teachers. Table 8 reports results for reading using this selected sample.
Each column represents a separate OLS regression where a teacher's value added from the year of his TES evaluation is the dependent variable and our overall TES measure is the independent variable of interest. Each teacher contributes one observation for each year they participated in TES. Thus column A is the same specification as the "TES Year" column in Table 4 except that here we only include the one TES measure. Our empirical strategy is to compare this specification with and without teacher fixed effects; thus identifying the coefficient based on the within teacher variation.
Compared with the entire sample in Table 4 the results in column A are smaller, and not significant, for this selected sample. When we add a teacher fixed effect the coefficient moves closer to zero, but we cannot reject (p=0.497) that the coefficients from these two estimates are equal. If we retain the teacher fixed effect but remove the year fixed effect the coefficient is similar to column A, but estimated even less precisely.
Taken together these two results-(i) the relationship between TES scores and experience and (ii) the relationship between TES growth and value added growth-suggest that moving a teacher one entire rubric level (e.g., from "Proficient" to "Distinguished") may be more difficult than simply reading the rubric would suggest. Our sample is, however, extremely limited. As the sample of teachers in Cincinnati's data and the data of other district's builds, we will be better equipped to address the question of growth over time.
Predicting Future Impact on Student Achievement
One motivation for a hybrid approach to teacher evaluation is that combining information from student achievement growth measures and classroom observation measures may provide better predictions of future teacher effectiveness than either would singly. Cincinnati's combined TES and student achievement data allow us an opportunity to test this hypothesis.
In grades three through five, the data include 35 math teachers whose classes we observe both the year before and the year after the teacher's TES evaluation year. In reading 99 teachers meet the same criteria. Using this sample, we first estimated a value added score for each teacher using only classes taught before the year of TES participation. In this step, our student-level specification (7.1)
is identical to Equation 4.1 with two exceptions: (i) we restricted the sample such that 0 < t where t=0 represents the year of TES participation, and (ii) we added a control for the overall TES measure of the student's teacher,
, as observed during the year of TES evaluation. 
, that are the best linear unbiased predictions. These empirical Bayes estimates are "shrunken"; that is they account for differences in the reliability of the estimates from teacher to teacher by shrinking less reliable estimates toward the mean (Raudenbush and Bryk (2002) ). This shrinkage reduces random measurement error that is associated with the class-and student-levels, a desirable property since we use these random effects,
, as predictors of future value added.
Second, we estimated a second value added score for each teacher this time using only classes taught after the year of TES participation. In this step, our student-level specification was identical to Equation 4.1 with the sample restricted such that 0 > t . As before we estimated Equation 4.1 using OLS, calculated the average student residual for each class, and calculated the weighted average of the class averages for each teacher,
. In this case only the class or classes from the year following TES participation were included a teacher's average.
Using the products of steps one and two, we estimated the following teacher-level specifications (7.2.1)
is our estimate of a teacher's effectiveness in raising student achievement in a "future" period,
is our estimate of a teacher's effectiveness in raising student achievement in a "past" period, and
is the predicted contribution of to student achievement captured by the TES score for teacher k. Table 9 reports the results of estimating Equations 7.2.1-7.2.4 using OLS. For both reading and math, the estimates of 7.2.1 suggest a teacher's effectiveness in raising student achievement in the past alone is an unbiased predictor of that teacher's effectiveness in raising student achievement in the future. Since the estimates from pre-TES years have been "shrunk" to account for random sources of measurement error, we would expect a coefficient of one if there were no bias using those estimates as predictors. Both coefficients are very close to one, and we cannot reject the hypothesis that they are indeed one.
Adding information from a teacher's TES evaluation increases, for this sample, the accuracy of predicting the teacher's future effectiveness in raising student achievement (as measured by the relative r-squared). This is true in both reading and math, and true whether the TES contribution is included as a separate predictor or summed with the prior teacher effect.
Adding TES information may introduce some marginal bias, but we cannot reject that the coefficients in 7.2.3 are different from 7.2.1.
The predicted contribution of TES to achievement growth itself, shown as a regressor alone in 7.2.4, is by itself a relatively weaker predictor of future teacher effectiveness in raising student achievement. The coefficient in reading is significantly different from zero, but we cannot reject that it is different from one with the same confidence. The coefficient in math is estimated much less precisely with a confidence interval that includes both zero and one.
15 15 These results may appear to contradict our main results reported in Table 4 . For the broader sample used in Table  4 our overall TES measure significantly predicted value added in the year after TES for math but not for reading. While here in Table 9 for this more limited sample the opposite is true. When we re-estimate the relevant specification in Table 4 using just this limited sample the results for math and reading are indeed switched-reading
Conclusion
Our results provide some of the strongest evidence to date that classroom observation measures capture elements of teaching that are related to student achievement. Our estimates showed a positive and non-trivial relationship between TES scores and value added scores. Our main results from Table 4 indicate that moving from, say, an overall TES rating of "Basic" to "Proficient" or from "Proficient" to "Distinguished" is associated with student achievement gains of about a quarter of a standard deviation. Though moving up the TES scale may be more difficult than a casual reading of the rubric would suggest.
Relating observed classroom practices to achievement growth offers some insight regarding what types of classroom practices may be important in increasing student achievement.
First, we show that a teacher's overall score is important. Our results predict that policies and programs that help a teacher get better on all eight "teaching practice" and "classroom environment" skills measured by TES will lead to student achievement gains. Second, given teachers who have similar proficiency in "teaching practices" (measured in TES domain 3), helping teachers improve their "classroom environment" management (measured in TES domain 2) will likely also generate higher student achievement. Third, given two teachers who are equally adept at "content and standards focused teaching," the teacher who adds "inquiry-based pedagogy" practices will generate higher reading achievement, but not higher math achievement.
Teachers working to improve their practice should consider their current performance in these
areas.
Yet while our results demonstrate relationships between practices measured in TES and student achievement growth, we cannot exclude relationships with practices not measured by TES nor do we intend to suggest that other TES measures should necessarily be discarded. First, it is unclear whether the relationships we observed would hold if other TES rubric elements were no longer measured or discussed. Second, a district may value outcomes for its teachers and is significantly predicted but not math-matching the pattern in Table 9 . Given the incongruity depending on the sample, caution should be taken in interpretations that rely on combining findings from Tables 4 and 9. students beyond growth in standardized test scores. This latter decision deserves serious discussion, but is beyond the scope of our analysis.
Last, these results support the notion of combined or hybrid measures of teacher effectiveness for predicting future student achievement. This is true when classroom observation scores are brought into a model that previously only had student achievement measures. It is also true, perhaps more so, when student achievement measures are added to a model that only had classroom observation data. A teacher's past student achievement gains are a good predictor of future achievement gains, but measuring classroom practice likely improves the prediction.
Teachers or administrators considering their future prospects for success should be open to including both forms of measuring past effectiveness. 
